The International Conference on Harmonization (ICH) M7 guideline allows the use of in silico approaches for predicting Ames mutagenicity for the initial assessment of impurities in pharmaceuticals. This is the first international guideline that addresses the use of quantitative structure-activity relationship (QSAR) models in lieu of actual toxicological studies for human health assessment. Therefore, QSAR models for Ames mutagenicity now require higher predictive power for identifying mutagenic chemicals. To increase the predictive power of QSAR models, larger experimental datasets from reliable sources are required. The Division of Genetics and Mutagenesis, This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/by-nc/4.0/), which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For commercial re-use, please contact journals.permissions@oup.com National Institute of Health Sciences (DGM/NIHS) of Japan recently established a unique proprietary Ames mutagenicity database containing 12 140 new chemicals that have not been previously used for developing QSAR models. The DGM/NIHS provided this Ames database to QSAR vendors to validate and improve their QSAR tools. The Ames/QSAR International Challenge Project was initiated in 2014 with 12 QSAR vendors testing 17 QSAR tools against these compounds in three phases. We now present the final results. All tools were considerably improved by participation in this project. Most tools achieved >50% sensitivity (positive prediction among all Ames positives) and predictive power (accuracy) was as high as 80%, almost equivalent to the inter-laboratory reproducibility of Ames tests. To further increase the predictive power of QSAR tools, accumulation of additional Ames test data is required as well as re-evaluation of some previous Ames test results. Indeed, some Ames-positive or Ames-negative chemicals may have previously been incorrectly classified because of methodological weakness, resulting in false-positive or false-negative predictions by QSAR tools. These incorrect data hamper prediction and are a source of noise in the development of QSAR models. It is thus essential to establish a large benchmark database consisting only of wellvalidated Ames test results to build more accurate QSAR models.
Introduction
Presently, more than 140 million chemical substances are listed in the CAS registry (https://www.cas.org/), and this number is increasing at a rate of approximately 4000 chemical substances/day. Among these chemicals, approximately 100 000 are industrially produced and present in our living environments, and some of these may have adverse effects on human health. These toxic chemical substances are generally identified and evaluated by toxicological tests in animals and other organisms. For assessing the safety of all common chemical substances, however, individual toxicological testing is not feasible considering labour, time, cost and animal welfare issues. Given the rapid expansion in the number of industrial chemicals, international organisations and regulatory authorities involved in the regulation of chemical substances have expressed the need for effective screening tools to promptly and accurately identify chemical substances with potential adverse effects without conducting actual toxicological studies.
Quantitative structure-activity relationship (QSAR) is one promising area of computational toxicology that attempts to predict the potential adverse effects of a chemical based on its chemical structure. Predictions from QSAR can be useful for prioritising chemical substances for actual toxicological studies, thereby minimising the need for animal studies. In fact, various QSAR tools are currently used for screening lead compounds at the search stages of pharmaceutical development and for predicting the toxicity of industrial chemicals, agrochemicals, food additives and cosmetic materials. Much effort has been invested in the development of QSAR models for predicting Ames mutagenicity, among other toxicological endpoints, owing to the significant amount of the necessary Ames test data that have already been accumulated (1) . The Ames test, developed by Bruce Ames is a short-term bacterial reverse mutation assay specifically designed to detect a wide range of chemical substances that can cause genetic damage leading to gene mutations (2) . The Ames test is globally used as an initial screening method to determine the mutagenic potential of new chemicals and drugs. The test is also used for submission of data to regulatory agencies for registration or acceptance of many chemicals. QSAR models for predicting Ames mutagenicity are generally divided into two classes according to the mode of operation: rule-based (expert system) and statisticalbased (QSAR system). In rule-based systems, qualitative prediction is based on the presence of structural features (termed alerts) of the test chemicals. Early systems were based on the work of James and Elisabeth Miller (3) and the subsequent work of John Ashby and Raymond Tennant, who systemised the relationship between chemical structures and the observed toxic outcomes (4) (5) (6) . Alternatively, statistical-based prediction is based on physicochemical properties expressed in terms of molecular descriptors or structural fragments that are known to correlate with biological activities (7) (8) (9) . The quantitative relationship between biological activity and the molecular descriptors is calculated by a machine learning algorithm.
The International Conference on Harmonization (ICH) M7 guideline for the assessment and control of mutagenic impurities in pharmaceuticals to limit potential carcinogenic risk was recently established (10) . This guideline permits the use of QSAR tools for predicting Ames mutagenicity for the initial assessment of impurities in pharmaceuticals. This in silico approach is reasonable for this purpose because impurities in pharmaceuticals are usually present at very low levels and sometimes impossible to isolate and purify for actual toxicological study. The ICH-M7 is the first international guideline that addresses the use of QSAR models instead of actual toxicological study for human health assessment. Thus, QSAR is no longer merely a prediction or screening tool, but can be regarded as a mutagenicity test under ICH-M7. The guideline requires two QSAR prediction methodologies, one rule-based and one statistical-based, for acceptance. Negative prediction from both QSAR methodologies is sufficient to conclude that the impurity is not of mutagenic concern, while a positive prediction from either methodology can be regarded as a positive indication of mutagenic risk. Expert review is also recommended to support conclusions on the biological relevance of any positive, negative, conflicting or inconclusive QSAR prediction. Thus, the full QSAR approach under ICH-M7 (using the two QSAR methodologies and the expert review) is designed to maximise the sensitivity for identifying mutagenic chemicals (11) (12) (13) (14) . However, accurate prediction by QSAR (i.e. the ability to distinguish mutagenic from non-mutagenic) is more important in practice.
Over the last two decades, many QSAR tools for predicting Ames mutagenicity have been developed. Some are commercially available, whereas others were developed as freeware by international organisations or academia (1) . All of these QSAR tools have been validated to define predictive power and establish fitness for use. Sensitivity (the ability to detect mutagens) and specificity (the ability to detect non-mutagens) are routinely evaluated as performance metrics. Other statistical measures include accuracy (proportion of correct predictions), negative predictivity (true Ames negatives among all negative predictions), positive predictivity (true Ames positives among all positive predictions), and chemical coverage. From a regulatory perspective, QSAR tools that display a high sensitivity, high negative predictivity and wide coverage are the most desirable as they minimise false-negative outcomes and maximise chemical space in prediction.
Several reports have evaluated the performance of commercial QSAR tools for the prediction of Ames mutagenicity (15) (16) (17) (18) (19) . In general, these QSAR tools demonstrate high sensitivity when analysing publicly available datasets. This is predicted because the QSAR models were initially built and trained using public data, so there is substantial overlap of chemical space between the training chemicals and the query chemicals. Therefore, validation of QSAR tool performance using public datasets may be overly optimistic. To perform fair validation of these tools, a proprietary dataset that has not been used for building the QSAR model should be employed (external validation). Such evaluations would reflect true performance to predict the Ames mutagenicity of new chemical substances. Also, integrating the proprietary dataset as training data (after validation) further expands the chemical space in prediction, leading to increased performance of QSAR tools. Thus, proprietary datasets are of value both to validate and improve QSAR predictions.
The Division of Genetics and Mutagenesis, National Institute of Health Sciences of Japan (DGM/NIHS) recently established a unique proprietary Ames database consisting of 12 140 new chemical substances. The Ames test reports were submitted to the Ministry of Health Labor and Welfare (MHLW) in accordance with the Industrial Safety and Health Act in Japan since 1979. These test reports were originally undisclosed but the outcomes (positive or negative) were made available to DGM/NIHS for validation, development and improvement of QSAR tools. The Ames/QSAR International Challenge Project was started in 2014 in collaboration with 12 QSAR vendors from the USA, UK, Italy, Spain, Bulgaria, Sweden and Japan (Table 1) . Based on the hypothesis that expansion of training data enhances the predictive power of QSAR tools, a three-phase challenge was designed. This report details the outcomes for all stages of the Ames/QSAR International Challenge Project.
Materials and Methods

Proprietary dataset
The Ames dataset for this project was obtained from the list of 20 761 chemical compounds subject to the Industrial Safety and Health Act (ANEI-HOU) of Japan. The Ames test by ANEI-HOU initiated in 1979 (20) . The purpose of the ANEI-HOU is to secure safety and health in the workplace. For chemical substances to be newly manufactured or imported in excess of 100 kg per year, ANEI-HOU stipulates that producers conduct hazard investigations in advance and to notify the MHLW of the results. 
Project design
The Ames/QSAR International Challenge Project was first announced at the QSAR 2014 Conference, Milan, Italy, in June 2014. Twelve QSAR vendors from seven countries responded to the announcement and participated in the project. Some QSAR vendors challenged multiple QSAR models differing by methodology or version ( Table 1 ). The challenge project was conducted in three phases from 2014 to 2017. The DGM/NIHS provided a list of about 4000 chemicals in each phase without their Ames test results to the QSAR vendors. The QSAR vendors predicted the Ames mutagenicity using their QSAR tools and reported the results to the DGM/NIHS. The DGM/NIHS validated the performance of the QSAR tools (sensitivity, specificity and other criteria) and disclosed the Ames results. Some QSAR tools were improved or adjusted by using the Ames results as training data before the next phase. 
QSAR tools
In total, 12 QSAR vendors using 17 different tools participated in this project (Table 1 ). The detailed features of each QSAR tool are described in Supplement 1, available at Mutagenesis Online.
Analysis of QSAR tool performance
The Ames mutagenicity predictions of all QSAR tools were compared to the actual Ames test results (Class A−C). Class A and B were combined for calculating all performance metrics except sensitivity (the ability to detect mutagens). For binary classifiers, performance metrics can be generated by drawing values from a 2 × 2 contingency table of true positives (TP), false positives (FP), false negatives (FN) and true negatives (TN) ( Table 3) . Sensitivity, specificity (ability to detect non-mutagens), positive and negative predictivity (correctly predicted mutagens and non-mutagens, respectively), accuracy, balanced accuracy and coverage were calculated for these tables. Sensitivity-A (ability to detect strong mutagens) was separately calculated by excluding Class B predictions. Furthermore, Matthews correlation coefficient (MCC) was derived for each tool. The MCC measures the quality of binary classifications by accounting for true and false positives and negatives as well as the difference in the sizes of the positive and negative classes. A coefficient of 1 represents a perfect prediction, while −1 indicates total disagreement between the prediction and observation. An MCC of 0 indicates a prediction no better than random selection (22) . The performance metrics and their calculation formulae are shown in Table 4 . Additionally, the TP rate (sensitivity) against the FP rate (1-specificity) was plotted. The resulting receiver operating characteristic (ROC) graph allows a visual comparison of the performance of each QSAR tool. 
Results and Discussion
The predictions of each QSAR tool are described and discussed in Supplement 2, available at Mutagenesis Online. Some participants have published their own papers related to the AMES/QSAR project in this special issue where they discuss individual QSAR tool performance in detail. Here, we describe the general results and discuss the overall predictive performance of these QSAR tools.
The Ames test data
The 12 140 Ames test results in our dataset were selected from the ANEI-HOU database provided by MHLW for this challenge project. The database is confidential and not in the public domain except for Class A chemicals. Although all the Ames studies were peer reviewed by genotoxicity experts, we were not allowed to access the study reports. Rather, only the test result (Class A, B or C) was provided. Thus, information on experimental conditions (i.e. the Ames strain showing positive results, whether metabolic activation was required) was not available to the study participants. The list of 12 140 chemical substances was made available in three phases from 2014 to 2017 (Table 2 ). Among 12 140 chemicals, all 7788 chemicals possessing a CAS registry number (64%) were evaluated by the QSAR models in Phase I or II, while almost all chemicals in Phase III had no CAS registration. Interestingly, while we arbitrarily split the chemicals into phases without considering the proportions of Class A, B and C, the proportions were roughly constant in each phase (approximately 5% Class A, 10% Class B and 85% Class C). Matsushima et al. previously reported the proportion of Ames mutagens among 4000 new chemical substances subject to ANEI-HOU until 1990 in Japan (23) and observed proportions of 3% Class A, 10% Class B and 87% Class C. At the DGM/NIHS, of the 305 commercial chemicals evaluated for Ames mutagenicity from 1978 to 1991, including food additives, industrial chemicals, experimental reagents, pharmaceuticals, environmental chemicals, dyes, flavourings and natural products, 13 (4.3%) were Class A, 36 (11.8%) Class B and 256 (83.9%) Class C (24) . Therefore, the proportions in the three Ames classes have been relatively constant over time, with 13−16% of new agents deemed strongly positive or positive, likely reflecting the proportion of mutagenic commercial chemicals used in Japan, although the ANEI-HOU data included highly reactive synthetic intermediates, which are not final commercial products. However, in a survey of the US National Toxicology Program (NTP) database (25) , the overall proportion of Ames mutagens was 35% (522/1497), while in the US EPA Gene-Tox database that summarised published Ames studies, 56% (603/1078) of the chemicals were positive (26) . Many of the NTP chemicals were tested due to suspicion of carcinogenicity or mutagenicity or because they were structural analogues of known mutagens. The high proportion of Ames-positive chemicals in the EPA Gene-Tox database, which mainly consists of chemicals evaluated in published articles, presumably reflects publication bias for mutagens over non-mutagens (i.e. positive results over negative results). Thus, the NTP database and the EPA Gene-Tox database may not reflect the actual proportion of commercial chemicals with mutagenic properties. Zeiger and Margolin investigated the proportion of Ames mutagens among 100 randomly selected chemicals identified by the US National Academy of Science (1984) from a subset of all chemicals in commerce and determined that 22% were Ames mutagens (27) . Overall, it appears that roughly 15−20% of chemicals in commerce are Ames mutagens. This statistical information is valuable for quality control of Ames 
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Evaluates the proportion of compounds for which the model can make a positive or negative prediction.
mutagenesis datasets and for appropriate allocation of resources to assure the safety of commercial chemicals.
Strong mutagens
In this challenge, 672 strong Ames mutagens (Class A) were included (available at http://www.nihs.go.jp/dgm/amesqsar.html). These compounds must be publicly disclosed in advance according to the ANEI-HOU to protect workers from exposure. Ames tests are generally used for screening carcinogens because there is a strong correlation between Ames mutagens and rodent carcinogens. Indeed, approximately 87% of Ames mutagens are carcinogenic in rats or mice (28, 29 
Predictive power of QSAR tools
There are many reports evaluating the predictive power of QSAR tools for Ames mutagenicity (15) (16) (17) (18) (19) (33) . One factor contributing to the poor sensitivity of QSAR tools for predicting proprietary pharmaceutical compounds is the low proportion of positives (12.9 and 20% positive in Roche and GlaxoSmithKline proprietary datasets, respectively) compared to public databases (e.g. 54% positive in the Hansen dataset), as this decreases the probability of correctly predicting Ames positives by chance. Another possible contributing factor is the unique molecular structure of many new pharmaceutical compounds compared to compounds in public domain datasets. The Ames test data used in the AMES/QSAR challenge project were also from a proprietary dataset (ANEI-HOU) and the proportion of positives was similarly low (14.5%; Table 2 ). However, most of the QSAR tools exhibited relatively high sensitivity in Phase I, in which a substantial proportion of compounds had CAS registry numbers ( Table 5 ). The average A-Class sensitivity and overall sensitivity in Phase I were 68.7 and 56.7%, respectively (Table 8) . This relatively high sensitivity may be due to the types of Ames-positive chemicals included in the ANEI-HOU database, most of which are industrial chemicals produced or used by many companies. Most of these Ames-positive chemicals are also of low molecular weight (Table 2 ) (15) and probably have few well-described reactive groups, such as alkylating agents, aromatic nitro group compounds and epoxides. Another possible reason for this high sensitivity in Phase I is the quality of data. Ames tests submitted to ANEI-HOU are conducted strictly under GLP, and the results are peer reviewed by an ANEI-HOU committee. Further, positive results are reviewed by genotoxicity experts. Therefore, test results could be easily predicted for the ANEI-HOU compounds. Although some QSAR tools sacrificed sensitivity to increase specificity (Figure 1 ), most showed a good balance between sensitivity and specificity, resulting in high accuracy. The average sensitivity and accuracy for all QSARS tools in Phase I were 77.7% and 74.7%, respectively, values comparable to previous QSAR performance results using a public dataset (17) .
In the Phase II challenge, the predictive power of almost all QSAR tools was much improved (Table 6, Figure 1 ) and the averages of all performance metrics were higher than in Phase I (Table 8) . Theoretically, this is expected due to the additional training data supplied during Phase I. However, not all QSAR tools were updated by incorporating Phase I data as a training dataset (Table 6 ). Rather, some vendors improved their QSAR tools by other means and used these updated versions in subsequent phases. The details on the updated information used by some QSAR tool vendors are presented in Supplement 2, available at Mutagenesis Online. On the other hand, no significant improvements in overall performance metrics were observed from Phase II to Phase III (Tables 7 and 8 ). This may be due to the unique molecular structures of Phase III chemicals. Phase III chemicals consisted mainly of non-CAS# compounds and the proportion of high molecular weight chemicals (800 mw or more) was greater than in Phase II. The greater proportion of larger more complex chemicals may explain the lower than expected predictive power. Nonetheless, almost all QSAR tools were considerably improved over the course of this challenge project, demonstrating higher predictive power than before Phase I (Figure 1 ). In fact, some QSAR tools exhibited 85% accuracy or higher for the predicted compounds.
Further improvement of prediction power
According to the survey of Ames test data from NTP, estimated interlaboratory reproducibility of Ames tests is around 85% (34, 35) , equivalent to the predictive power of the better QSAR tools in this project. Further improvement in the predictive power of QSAR tools requires not only accumulation of additional Ames test data, but also enhanced quality, including re-evaluation of older Ames test *The QSAR tool with the module was statistically evaluated in Table 8 and Figure 1 .
results. As with other in vitro toxicological studies, the Ames test results are influenced by the methodologies employed and materials used (2) . Such information is important for interpreting Ames test results in different laboratories and for building QSAR models. Another important factor is inconsistency in classification criteria, which leads to discrepancies among laboratories and to false-positives or false-negatives by QSAR prediction. According to the 1983 OECDTG471 guidelines (revised in 1997) (21) 'There are several criteria for determining a positive result, such as a concentration-related increase over the range tested and/or a reproducible increase at one or more concentrations in the number of revertant colonies per plate in at least one strain with or without metabolic activation. Biological relevance of the results should be considered first. Statistical methods may be used as an aid in evaluating the test results. However, statistical significance should not be the only determining factor for a positive response.' However, the 2-fold rule for determining a positive result in the Ames test has been generally applied to the ANEI-HOU and other test guidelines (36) (37) (38) . A chemical can be classified as mutagenic if it induces a 2-fold or greater increase in revertant colonies compared to the negative control for at least one Ames strain in the presence or absence of rodent S9. The use of the 2-fold rule in Ames tests is widely accepted by regulatory agencies for registration or acceptance of chemicals despite criticism (39) . In applying the 2-fold rule, biological relevance, statistical significance and reproducibility are sometimes ignored. In some cases, QSAR tools can accurately predict Ames mutagenicity based on the molecular mechanism, but the experimentally observed mutagenic response may be weak. Figure 2a and b shows two aromatic amines predicted to be positive by most QSAR tools in this study but that are actually negative (Class C) in the Ames test. While listed as negative, chemical (i) weakly induced TA100 colonies and chemical (ii) weakly induced TA98 colonies, both in the presence of S9. Despite weak responses, the results were reproducible across two or three experiments, so the response could be biologically meaningful. Many QSAR tools have incorporated a structural alert for aromatic amines. The methoxy group at the ortho position and the amino group at the meta position are known to enhance the mutagenicity of aromatic amines (40) . Therefore, QSAR results can support Ames mutagenicity. According to the reproducible positive response on the Ames test and the structural alerts suggested by QSAR, the two chemicals could be judged as positive. The inclusion of QSAR prediction can both support the Ames test results and provide impetus for re-evaluation. In turn, integrating more detailed Ames results will increase the predictive power of QSAR tools, leading to more accurate evaluation based on biological relevance and molecular mechanisms.
Poor quality Ames test data significantly decreases the predictive power of QSAR tools. Many Ames tests available in the public *The QSAR tool with the module was statistically evaluated in Table 8 and Figure 1 . 4′-(chloroacetyl) acetanilide was examined for Ames mutagenicity by four laboratories in an NTP validation program ( Figure 3 ) (41) . Inconsistent positive responses were observed using strain TA1537 both in the absence and presence of rat S9, no laboratory reported mutagenic responses using TA100, TA1535 or E. coli in either the absence or presence of rat S9. In spite of these equivocal results, the chemical was labelled as a mutagen in the NTP dataset, reflecting the generally conservative bias of regulatory authorities. Derek Nexus and CASE Ultra (statistical-based) predicted 4′-(chloroacetyl) acetanilide to be inactive and negative, respectively, due to the absence of a structural alert for Ames mutagenicity. Alternatively, CASE Ultra (rule-based) judged it as known-positive as NTP data was used as part of the training dataset. There is no other Ames test result for this chemical, so we cannot judge it conclusively as a non-Ames mutagen based solely on QSAR prediction. However, the positive judgement in the NTP database is doubtful, and thus causes a false negative prediction by the QSAR tools. Incorrect experimental data is not only useless for QSAR prediction, but adds noise and hinders development and improvement of QSAR models. Doubtful Ames test results should be deleted from the databases used for building QSAR models and reconsidered or re-examined for improved safety and management practices by regulatory authorities. It is also known that some chemicals used in the Ames tests (e.g. vehicles for test compounds) can cause artificially positive results by generating by-products through interaction with the test compound. For instance, acyl halides are structural alerts for Ames mutagenicity (42, 43) as the carbonyl group bound to the halogen atom could potentially attack DNA directly. However, Amberg et al. demonstrated that 15 of 18 chemicals with acyl/sulfonyl halides yielding positive results in the Ames test using DMSO as a vehicle were negative using another vehicle (44) . The Ames-positive results were likely due to generation of halomethyl sulfide, which presumably arises from the acylation of DMSO by acyl or sulfonyl halides (via the Pummerer rearrangement). Alternatively, acyl/sulfonyl halides are generally hydrolysed in water to non-mutagenic carbonic acid and hydrogen halides or sulfonic acid and hydrogen halides, respectively. Thus, positive Ames mutagenicity of some acyl/sulfonyl halides may be an artefact of the test system. More than 300 chemicals with acyl/sulfonyl halides were included in the challenge project, 40% of which were listed as Ames-positive (Class A or B). However, we cannot speculate on whether this positive status is true or artifactual because there was no information available on the vehicle used. The results of QSAR prediction varied among models, possible because only some QSAR vendors had incorporated the results of Amberg et al. (44) .
Impurities are also potential sources of false-positive responses in any toxicological test. Supplements 3 and 4, available at Mutagenesis Online, present the list of Class A chemicals that were not accurately predicted by all or almost all QSAR tools in the study. Many Class B chemicals were also predicted incorrectly by almost all QSAR tools (although specific compounds cannot be revealed). QSAR vendors, chemists and genotoxicity experts have expressed skepticism about the Ames-positivity of some Class A and B chemicals, and we suggest that these false results are due, at least in some instances, to the presence of impurities. This may be especially the case for chemicals subject to ANEI-HOU regulations as the Ames tests are mainly conducted for new agents used in manufacturing with a high probability of worker exposure. These chemicals are tested before marketing and may contain high levels of impurities. QSAR may help to identify such compounds, thereby improving the models and reducing the number of false alarms. It could also help manufacturers by highlighting cases wherein they could improve safety by modifying their manufacturing process to reduce the levels of mutagenic impurities. Therefore, data on the purity of test chemicals and vehicles used in Ames tests are critical for proper interpretation of positive results and reduction of false negative by QSAR prediction. The DGM/ NIHS will disclose this information to QSAR vendors in the near future to facilitate further improvement of QSAR tools.
Conclusion
A three-phase AMES/QSAR International Challenge Project was conducted from 2014 to 2017. Seventeen QSAR tools from 12 QSAR vendors were challenged to predict the Ames mutagenicity of 12 140 new chemicals in a proprietary Ames dataset that has never been used for developing QSAR tools. All QSAR tools demonstrated improved predictive power after the study compared to the original versions, indicating that this project successfully fulfilled the principal aim of enhancing QSAR performance. Some QSAR tools demonstrated greater than 80% accuracy for predicting Ames mutagenicity, which is almost equivalent to inter-laboratory reproducibility of Ames test results. To further improve the predictive power of QSAR tools, both new Ames test data and re-evaluation of previous test data are required as some chemicals may be incorrectly classified due to non-standard laboratory practices, reactions between the test compound and vehicle, and impurities in the test sample among other factors. These equivocal data hamper predictive power, add noise and hinder development of more accurate QSAR models. Therefore, it is necessary to develop a benchmark dataset consisting only of reliable Ames test results with sufficient information to build accurate QSAR models. QSARs built on such a dataset may ultimately be good enough to make it possible to resolve ambiguities in the borderline assay data, thereby reducing the number of false alarms.
Supplementary data
Supplement 1-4 are available at Mutagenesis Online.
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